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ABSTRACT

DEEP NEURAL NETWORK FOR ROBUST MULTIPLE OBJECT TRACKING

Peng Chu

DOCTOR OF PHILOSOPHY

Temple University, May, 2020

Professor Haibin Ling, Chair

Tracking multiple objects in video is critical for many applications, ranging

from vision-based surveillance to autonomous driving. The popular solution to

Multiple Object Tracking (MOT) is the tracking-by-detection strategy, in which,

detections of each frame from an external detector are associated and connected to

form target trajectories in either online or offline batch mode. Following this strat-

egy, the challenges of robust tracking comes mainly from three aspects: discrimina-

tion of the appearance similar targets; handling of the noise from input detections;

unifying the separated function modules for generalizability. Recently, deep neu-

ral network (DNN) has demonstrate its ability to automatically learn discriminative

features from training samples thus achieves success in various computer vision

tasks. My research works are to leverage this powerful learning ability of DNN to

tackle the above challenges for robust MOT in real world application.

In this dissertation, I first introduce the popular framework of MOT system, the

datasets, the evaluation metric and challenges in MOT. Then I discuss a work that

encodes the structure prior of curvilinear structures in the rank-1 tensor approxi-

mation tracking framework to reduce the ambiguity rising from indistinguishable

curvilinear structures parts. This work uses convolutional neural network to gen-

erate more reliable candidates for tracking and consequently improves the tracking

robustness. In the third chapter, I present a work that adapts the DNN based Single

Object Tracking (SOT) techniques for missing detection recovery. SOT tracker in

this work merges the originally separated feature extraction and similarity evalua-
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tion as an integrated affinity estimator. Learning of the integrated affinity estimator

requires dedicated affinity samples to be manually fabricated from ground truth as-

sociation, which usually does not guarantee the consistent data distribution between

training and inference phases. In Chapter 4, FAMNet is proposed to integrate fea-

ture extraction, affinity estimation and multi-dimensional assignment into a unified

DNN to realize end-to-end learning, which demonstrates its capability in different

target categories and tracking scenarios in our comprehensive experiments. On the

other hand, training of DNN usually requires large amount of labeled data which is

not always available in the tracking tasks. To tackle this problem, in Chapter 5, I

present a work using transfer learning and multi-task scheme to facilitate the fea-

ture learning in the context of limited training data. Finally, we summarize with the

discussion of future works including DNN also integrating detector for MOT and

other possible MOT frameworks such as model-free MOT tracker.
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CHAPTER 1

INTRODUCTION

1.1 Multiple Object Tracking

Multiple Object Tracking (MOT), or Multiple Target Tracking is an important

computer vision task, which play a critical role in many applications such as video

surveillance, activity analysis and autonomous driving [37, 75, 103, 132, 141]. The

key task of MOT is to locate multiple similar objects (different instances of the

same categories), maintaining their identities, and yielding their individual trajec-

tories in a video as shown in Fig. 1.1. There are multiple routes to the solution of

(a) MOT input: Video (b) MOT output: Target Trajectories

Figure 1.1: Illustration of MOT.

MOT. The most popular recently is the tracking-by-detection framework. In this
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framework, an detector �rst is used to generate the candidate targets from each

frame in the video. All the candidates are then are associated and connected cross

frames to form target trajectories in either online or of�ine batch mode. MOT is

a mid-level computer vision that depends on other basic computer vision tasks,

such as recognition [40, 68, 84, 104, 152], detection [95, 155, 156, 158, 167], metric

learning [72, 76, 101, 162, 168] and object tracking [48, 54–56, 60, 157]. Therefore

the MOT algorithms following this framework can be further divided as four func-

tion modules: detector, feature extraction, af�nity estimation and data association.

Since object detection can be formulated related independently from other modules,

most recent MOT works are more focusing on the last the three parts and taking the

detection of each frame as given input as illustrated in Fig. 1.2.

Figure 1.2: Tracking by detection framework [103].

1.2 Challenges

To realize robust MOT, various of challenges need to be overcame. Some of

these are imposed by the goal of the task itself. For example, tracking multiple

similar objects at the same time is also a challenge task for human. MOT, from the

view of optimization, can be viewed as an data association problem: evaluating the

cost of connecting any pair of candidates and �nding global optimistic assignments

as shown in Fig. 1.3. It is still hard for current computer vision algorithm to reliable

evaluating the difference between appearance similar targets, especially when they

undergo shape changes due to the motion or change of view angle, illumination
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Figure 1.3: MOT as data association. Adapted from [163].

variances or scale changes. It is also a challenge to solve the global optimization

problem with the noise from the cost and candidates number.

On the other hand, there are also challenges rooting from the limitation of the

popular tracking-by-detection framework. This framework treats different func-

tions as separated modules which can be modeled and solved independently. For ex-

ample, this framework requires an external detector for candidate proposal. Train-

ing of this category detector usually needs large amount of labeled samples, which

greatly limit the capability of applying MOT algorithm in different tracking sce-

narios. This design of the framework facilitates the implementation of the track-

ing system, however, also impedes useful information getting accessed by different

modules.

In this dissertation, my research is mainly focusing on the following three chal-

lenges rooting from above issues to improve the robustness of MOT in the real
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world application.

Discrimination of the appearance similar targets. Perceive the difference

between different instances of same category is challenge in many ways, for mov-

ing objects, it is hard to determine whether the differences are between objects or

caused by the motion of the same object. Human trend to �t the continuous changes

in shape and position of the object to predict and verify their hypothesis. However,

it is dif�cult for machine to model and get use of this high order information to

discriminate targets and assist tracking.

Handling of the noise from input detections.With recent advantage in detec-

tion technology, MOT is also pushed into another level of application. In previous,

the detection input is usually manually generated from the groundtruth where noise

is arti�cial and specialized. Detection from real detectors now are widely adapted

in the most MOT approaches. The major noise or error from the real detector are

indicated as False Positive (FP) and False Negative (FN). In the MOT context, both

errors will affect the �nal data association process heavily. Moreover, the most

popular detectors are all static image based not for video detection. When used for

candidate proposal, those detectors can not leverage the important temporal infor-

mation in video, which generates massive FN especially in crow scenes.

Unifying the separated function modules for generalizability.As described

in Sec. 1.1, the three modules in MOT approach can be formulated relatively in-

dependently, specially for the data association that has been investigated for years

in many domains. Therefore, these modules may involve multiple individual data

processing steps and are optimized differently from each other, which results in a

complex method design and extensive tuning parameters to adapt different target

categories and tracking scenarios.

Recently, deep neural network (DNN) has demonstrate its ability to automat-

ically learn discriminative features from training samples thus achieves success

in various computer vision tasks [53, 61, 99, 128, 142]. Traditional methods de-

sign/engineer the feature by hand to integrate the prior knowledge of the task. DNN,

on the other hand, depends on the loss signal from the difference between network

output and the groundtruth label to adjust the model and learn the task-speci�ed
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representation. Those features guarantee a more general and robust representation

of the input image/video. However, training of DNN usually requires specialized

labeled samples with suf�cient amount. This criteria cannot be easily met in most

tasks. My research works therefore are to leverage the powerful learning ability of

DNN with tackling the above challenges for robust MOT.

1.3 Dataset

There are a number of MOT datasets available so far. However, due to the

dif�cult of annotating all the targets in the videos for MOT, only limited number

of the datasets provide the groundtruth for people to benchmark their approaches.

Following is the table for a summary for some of the those small scale dataset for

MOT, as shown in Tab. 1.1.

Recently, several challenge datasets are made public for people to benchmark

and compare their MOT algorithm for fair base. Among them, the most popular one

is the MOTChallenge. So far they provide four versions of the dataset, MOT2015,

MOT16, MOT17 and MOT20, for MOT in 2D single camera scenes. A summary

is shown in Tab. 1.2;

MOT2015. MOT2015 [89] contains 11 different indoor and outdoor scenes of pub-

lic places with pedestrians as the objects of interest, where camera motion, camera

angle and imaging condition vary greatly. The dataset provides detections gener-

ated by the ACF-based detector [46].

MOT16. Similar to MOT2015, MOT16 [106] contains seven different sequences

in both training and test datasets but with higher average target density (31.8 vs

10.6 on the test set), thus is more challenging. It provides detection inputs from

DPM [58].

MOT17. MOT17 [106] contains the same sequence with MOT16. But MOT17

focuses on evaluating the tracker performance on different detection quality. It

provides three different detection inputs from DPM [58], Faster-RCNN [122] and

SDP [155], ranked in ascending order by AP.
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MOT20. MOT20 recently is available for use. This version only contains 8 se-

quences in total for train and test. MOT20 dramatically increases the density to

170.9 in its testing set.

Several frame samples of MOTChallenge dataset are shown in Fig. 1.4.

MOT2015-Train MOT16-Train MOT17-Train MOT20-Train

MOT2015-Test MOT16-Test MOT17-Test MOT20-Test

Figure 1.4: Samples from MOTChallenge datasets.

MOTChallenge dataset is for pedestrian tracking. There are another category of

datasets for vehicle tracking.

KITTI-Car. The KITTI dataset [63] contains 21 video sequences in the training

set and 29 in the test set for both multiple pedestrian and multiple vehicle tracking

in street view, where videos are recorded through a camera mounting in front of

a moving vehicle. Referred detections from the regionlet [143] detector are pro-

vided for both train and test dataset. Frame samples of KITTI dataset are shown in

Fig. 1.5.

UA-DETRAC. UA-DETRAC dataset [146] is another multiple vehicle tracking

dataset with 60 sequences for training and 40 sequences for testing. All sequences

are recorded with static camera at a lift-up position near different drive ways in

various of weather conditions. The referred detection from CompACT [19] detector
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KITTI-Train-0010 KITTI-Train-0020

KITTI-Test-0015 KITTI-Test-0025

Figure 1.5: Samples from MOTChallenge datasets.

is provide. UA-DETRAC reports the average of each MOT metric (PR-) from a

serials of results using different detection con�dence thresholds (from 0 to 1.0 with

0.1 step). Frame samples from UA-DETRAC dataset are shown in Fig. 1.6.

1.4 Evaluation Metric

To evaluate the performance and compare with peer methods, multiple metrics

have been proposed for MOT algorithms, as shown in Tab. 1.3. Most of those met-

rics are adapted from CLEAR MOT metrics in [11] and the IDF1 metric in [124].

In CLEAR MOT metrics, all association hypothesisf hf;t g on framef for target

t is matched with the all groundtruth thef gf;t 0g based on their error such as distance

(point target) or negative IoU (bounding box of target) using Hungarian algorithm.

The MOTP then can be formulated as

MOTP =

P
f;t df;t

P
f cf

; (1.1)

wherecf is the number of success matched pair in framef , df;t is matching pre-

cision such as IoU. For anygf;t 0 with error of matchedhf;t larger than threshold,
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Train-20011 Train-40141 Train-63521

Test-39511 Test-40772 Test-40903

Figure 1.6: Samples from UA-DETRAC datasets.

a False Negative (FN) is recorded. For anyhf;t with error of matchedgf;t 0 larger

than threshold, we count it as a False Positive (FP). For the success matched pair

of hf;t and gf;t 0 in two consecutive frames from the same hypothesis targett, if

they are matching the different groundtruth targets, a ID switch (IDS) is recorded.

Therefore, the MOTA metrics can be written as

MOTA = 1 �
FP + FN + IDS

N
; (1.2)

whereN is the total number of groundtruth objects in all frames. Notice that, the

MOTA in numerical can be negative.

CLEAR MOT metrics focus more on the bounding box level of accuracy of

tracking results. It does not penalty enough for not maintaining the identi�cation

continuously in the results. As the scenarios illustrated in Fig. 1.7, the tracking

result of a groundtruth target are interrupted in different ways. Based on CLEAR

MOT metrics, results in Fig. 1.7(b) and Fig. 1.7(c) will be penalized equally. Clearly,

results in Fig. 1.7(c) is more preferable, since it maintains the identi�cation of the
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target more continuously. Therefore, in [124], IDF1 is proposed to cover those situ-

ations. Instead of matching of each bounding box, IDF1 calculates the overlapping

at trajectory level that matches each groundtruth trajectory to exactly one result tra-

jectory. Then similarly, after the matching, corresponding IDFN, IDFP, IDTP are

computed. The IDF1 score can be written as

IDF 1 =
2IDTP

2IDTP + IDFP + IDFN
: (1.3)

Figure 1.7: Different types of interrupt in the tracking results for one groundtruth

target. [124]

The two categories of metrics focus on different aspect of the tracker perfor-

mance. CLEAR MOT metrics evaluate correctness at the bounding box level, while

IDF1 gives more penalty of not maintaining the identi�cation. One should choose

based on their own demand.

1.5 Overview

In the rest of the dissertation, I �rst discuss a work that encodes the structure

prior of curvilinear structures in the rank-1 tensor approximation tracking frame-

work to reduce the ambiguity rising from indistinguishable curvilinear structures

parts. This work uses convolutional neural network to generate more reliable can-

didates for tracking and consequently improves the tracking robustness. In the third

chapter, I present a work that adapts the DNN based Single Object Tracking (SOT)

techniques for missing detection recovery. SOT tracker in this work merges the
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originally separated feature extraction and similarity evaluation as an integrated

af�nity estimator. Learning of the integrated af�nity estimator requires dedicated

af�nity samples to be manually fabricated from ground truth association, which

usually does not guarantee the consistent data distribution between training and in-

ference phases. In Chapter 4, FAMNet is proposed to integrate feature extraction,

af�nity estimation and multi-dimensional assignment into a uni�ed DNN to realize

end-to-end learning, which demonstrates its capability in different target categories

and tracking scenarios in our comprehensive experiments. On the other hand, train-

ing of DNN usually requires large amount of labeled data which is not always avail-

able in the tracking tasks. To tackle this problem, in Chapter 5, I present a work

using transfer learning and multi-task scheme to facilitate the feature learning in

the context of limited training data. Finally, we summarize with the discussion of

future works including DNN also integrating detector for MOT and other possible

MOT frameworks such as model-free MOT tracker.
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Dataset
Number

of Videos

Number

of Frames
Multiview GT Indoor Outdoor

PETS 2016 [119] 13 – 7 7 3 7

PETS 2009 [118] 3 – 7 7 3 7

CAVIAR [21] 54 – 7 7 7 3

TUD Stadtmitte [3] 1 179 3 7 3 7

TUD Campus [2] 1 71 3 7 3 7

TUD Crossing [2] 1 201 3 7 3 7

Caltech Pedestrian [47] 137 250K 3 7 3 7

UBC Hockey [71] 1 100 3 3 3 7

ETH Pedestrian [49] 8 4K 7 7 3 7

ETHZ Central [22] 3 13K 3 7 3 7

Town Centre [8] 1 4.5K 3 7 3 7

Zara [18] 4 – 3 3 3 7

UCSD [41] 98 – 3 3 3 7

UCF Marathon [1] 3 1.3K 3 7 3 7

ParkingLOT [133] 3 2.7K 3 7 3 7

Table 1.1: Small scale Multiple Object Tracking datasets. Adapted from [103]
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Dataset Subset Videos Frame Time (s) Tracks Boxes Density

MOT2015
Train 11 5500 389 500 39905 7.3

Test 11 5783 607 721 61440 10.6

MOT16
Train 7 5316 215 517 110407 20.8

Test 7 5919 248 759 182326 30.8

MOT17
Train 21 15948 645 1638 336891 21.1

Test 21 17757 744 2355 564228 31.8

MOT20
Train 4 8931 357 2332 1336920 149.7

Test 4 4479 178 1501 765465 170.9

Table 1.2: Summary of MOTChallenge datasets.
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Measure Better Perfect Description

MOTA higher 100%

Multiple Object Tracking Accuracy. This

measure combines three error sources: false

positives, missed targets and identity switches.

MOTP higher 100%

Multiple Object Tracking Precision.

The misalignment between the annotated

and the predicted bounding boxes.

IDF1 higher 100%

ID F1 Score . The ratio of correctly

identi�ed detections over the average number

of ground-truth and computed detections.

FAF lower 0 The average number of false alarms per frame.

MT higher 100%

Mostly tracked targets. The ratio of ground-truth

trajectories that are covered by a track hypothesis

for at least 80% of their respective life span.

ML lower 0%

Mostly lost targets. The ratio of ground-truth

trajectories that are covered by a track hypothesis

for at most 20% of their respective life span.

FP lower 0 The total number of false positives.

FN lower 0 The total number of false negatives.

ID Sw. lower 0 The total number of identity switches.

Frag lower 0
The total number of times a trajectory

is fragmented.

Table 1.3: Popular MOT metrics.
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CHAPTER 2

STRUCTURE-AWARE RANK-1

TENSOR APPROXIMATION FOR

CURVILINEAR STRUCTURE

TRACKING USING LEARNED

HIERARCHICAL FEATURES

2.1 Introduction

Reliable tracking of vascular structures or intravascular devices in dynamic X-

ray images is essential for guidance during interventional procedures and postpro-

cedural analysis [6,29,30,116,139,170]. However, bad tissue contrast due to low ra-

diation dose and lack of depth information always bring challenges on detecting and

tracking thosecurvilinear structures(CS). Traditional registration and alignment-

based trackers depend on local image intensity or gradient. Without high-level con-

text information, they cannot ef�ciently discriminate low-contrasted target structure

from complex background. On the other hand, the confounding irrelevant structures

bring challenges to detection-based tracking. Recently, a new solution is proposed
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Figure 2.1: Overview of the proposed method.

that exploits the progress in multi-target tracking [29,157]. After initially detecting

candidate points on a CS, the idea is to model CS tracking as amulti-dimensional

assignment(MDA) problem, then a tensor approximation is applied to search for

a solution. The idea encodes high-order temporal information and hence gains ro-

bustness against local ambiguity. However, it suffers from the lack of mechanism

to encode the structure prior in CS, and the features used in [29] via random forests

lack discrimination power.

In this work [35], we present a new method (refer to Fig. 5.2 for the �owchart)

to detect and track CS in dynamic X-ray sequences. First, aconvolutional neural

network(CNN) is used to detect candidate landmarks on CS. CNN automatically

learns the hierarchical representations of input images [84,91] and has been recently

used in medical image analysis (e.g. [121, 125]). With the detected CS candidates,

CS tracking is converted to a multiple target tracking problem and then amulti-

dimensional assignment(MDA) one. In MDA, candidates are associated along

motion trajectories cross time, while the association is constructed according to the

trajectory af�nity. It has been shown in [132] that MDA can be ef�ciently solved

via rank-1 tensor approximation(R1TA), in which the goal is to seek vectors to

maximize the “joint projection” of an af�nity tensor. Sharing the similar procedure,

our solution adopts R1TA to estimate the CS motion. Speci�cally, a high-order

tensor is �rst constructed from all trajectory candidates over a time span. Then, the

model prior of CS is integrated into R1TA encoding the spatial interaction between
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Figure 2.2: The CNN architecture for CS candidate detection.

adjacent candidates in the model. Finally, CS tracking results are inferred from

model likelihood.

The main contribution of our work lies in two-fold. 1) We propose a structure-

aware tensor approximation framework for CS tracking by considering the spatial

interaction between CS components. The combination of such spatial interaction

and higher order temporal information effectively reduces association ambiguity

and hence improves the tracking robustness. 2) We design a discriminative CNN

detector for CS candidate detection. Compared with traditional hand-crafted fea-

tures, the learned CNN features show very high detection quality in identifying

CS from low-visibility dynamic X-ray images. As a result, it greatly reduces the

number of hypothesis trajectories and improves the tracking ef�ciency.

For evaluation, our method is tested on two sets of X-ray �uoroscopic sequences

including vascular structures and catheters, respectively. Our approach achieves

a mean tracking error of 1.1 pixels on the vascular dataset and 0.8 pixels on the

catheter dataset. Both results are clearly better than other state-of-the-art solutions

in comparison.
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Figure 2.3: Probability maps and detected candidates of a vessel (left) and catheter

(right). For each example, from left to right are groundtruth, random forests result,

and CNN result, respectively. Red indicates region with high possibility, while

green dots show resulting candidates.

2.2 Candidate Detection with Hierarchical Features

Detecting CS in the low-visibility dynamic X-ray images is challenging. With-

out color and depth information, CS shares great similarity with other anatomical

structures or imaging noise. Attacking these problems, a four-layer CNN (Fig. 2.2)

is designed to automatically learn hierarchical features for CS candidate detection.

We employ 32 �lters of size5� 5 in the �rst convolution stage, and 64 �lters of the

same size in the second stage. Max-pooling layers with a receptive window of2� 2

pixels are employed to down-sample the feature maps. Finally, two fully-connected

layers are used as the classi�er. Dropout is employed to reduce over�tting. The

CNN framework used in our experiments is based on MatConvNet [137].

For each image in the sequence except the �rst one which has groundtruth an-

notated manually, a CS probability map is computed by the learned classi�er. A

threshold is set to eliminate most of the false alarms in the image. Result images

are further processed by �ltering and thinning. Typically, binarized probability

map is �ltered by a distance mask in which locations too far from the model are

excluded. Instead of using a groundtruth bounding box, we take the tracking results

from previous image batches. Based on the previously tracked model, we calcu-

late the speed and acceleration of the target to predict its position in next image
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batch. Finally, after removing isolated pixels, CS candidates are generated from

the thinning results. Examples of detection results are shown in Fig. 2.3. For com-

parison, probability maps obtained by a random forests classi�er with hand-crafted

features [29] are also listed. Our probability maps contain less false alarm, which

guarantees more accurate candidate locations after post-processing.

2.3 Tracking with Model Prior

To encode the structure prior in a CS model, we use an energy maximization

scheme that combines temporal energy of individual candidate and spatial interac-

tion energy of multiple candidates into a united optimization framework. Here, we

consider the pairwise interactions of two candidates on neighboring frames. The

assignment matrix between two consecutive setsO(k� 1) andO(k) (i.e. detected can-

didate CS landmarks) can be written asX (k) = ( x i k � 1 i k )(k) , wherek = 1; 2; : : : ; K ,

ando(k)
i k

2 O(k) is thei k-th landmark candidate of CS. For notation convenience,

we use a single subscriptj k to represent the entry index (i k� 1; i k), such asx(k)
j k

:=

x(k)
i k � 1 i k

, i.e., vec(X (k)) = ( x(k)
j k

) for vectorizedX (k) . Then our objective function

can be written as

f (X ) =
X

cj 1 j 2 :::j K x(1)
j 1

x(2)
j 2

: : : x(K )
j K

+
KX

k=1

X

lk ;j k

w(k)
lk j k

e(k)
lk j k

x(k)
lk

x(k)
j k

; (2.1)

wherecj 1 j 2 :::j K is the af�nity measuring trajectory con�dence;w(k)
lk j k

the likeli-

hood that candidatesx(k)
j k

andx(k)
lk

are neighboring on the model; ande(k)
lk j k

the spatial

interaction of two candidates on two consecutive frames. The af�nity has two parts

as

ci 0 i 1 ;:::i K = appi 0 i 1 ;:::i K � kin i 0 i 1 ;:::i K ; (2.2)

whereappi 0 i 1 ;:::i K describes the appearance consistency of the trajectory, and

kin i 0 i 1 ;:::i K the kinetic af�nity modeling the higher order temporal af�nity as de-

tailed in [29].
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Model Prior.

CS candidates share two kinds of spatial constrains. First, trajectories of two

neighboring elements should have similar direction. Second, relative order of two

neighboring elements should not change so that re-composition of CS is prohibited.

Thus inspired, we formulate the spatial interaction of two candidates as

elk j k

:= emk � 1mk i k � 1 i k = Epara + Eorder ; (2.3)

where

Epara =
(o( k � 1)

i k � 1
� o( k )

i k
)�(o( k � 1)

m k � 1 � o( k )
m k )

k(o( k � 1)
i k � 1

� o( k )
i k

)�(o( k � 1)
m k � 1 � o( k )

m k )k
; Eorder =

(o( k � 1)
i k � 1

� o( k � 1)
m k � 1 )�(o( k )

i k
� o( k )

m k )

k(o( k � 1)
i k � 1

� o( k � 1)
m k � 1 )�(o( k )

i k
� o( k )

m k )k
,

such thatEpara models the angle between two neighbor trajectories, which also

penalizes large distance change between them; andEorder models the relative order

of two adjacent candidates by the inner product of vectors between two neighbor

candidates.

Maximizing Eq. 2.1 closely correlates with therank-1 tensor approximation

(R1TA) [42], which aims to approximate a tensor by the tensor product of unit

vectors up to a scale factor. By relaxing the integer constraint on the assignment

variables, once a real valued solution ofX k is achieved, it can be binarized using the

Hungarian algorithm [59]. The key issue here is to accommodate the row/column

`1 normalization in a general assignment problem, which is different from the com-

monly used`2 norm constraint in tensor factorization. We develop an approach

similar to [132], which is a tensor power iteration solution with`1 row/column nor-

malization.

Model Likelihood.

Coef�cient w(k)
lk j k

:= w(k)
mk � 1mk i k � 1 i k

measures the likelihood that two candidates

o(k� 1)
i k � 1

and o(k� 1)
mk � 1 are neighboring on model. In order to get the association of

each candidate pair in each frame, or in other words, to measure the likelihood a

candidateo(k)
i k

matching a model element parto(0)
i 0

, we maintain a “soft assignment”.

In particular, we use� (k)
i 0 i k

to indicate the likelihood thato(k)
i k

corresponds too(0)
i 0

. It

can be estimated by
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Algorithm 1 Power iteration with model prior

1: Input : Global af�nity C = ( cj 1 j 2 :::j K ),

spatial interactionelk j k , k = 1 : : : K ,

CS candidatesO(k) , k = 0 : : : K .

2: Output : CS Matching.

3: Initialize X (k) ; k = 1 : : : K , CS(0) = O(0) and� (0) = I .

4: repeat

5: for k = 1; : : : ; K do

6: for j k = 1; : : : ; J do

7: updatex(k)
j k

:= x(k)
i k � 1 i k

by

x(k)
j k

/ x(k)
j k

P
j f :f 6= k cj 1 :::j k :::j K x(1)

j 1
: : : x(f )

j f
: : : x(K )

j K

8: end for

9: row/column normalizeX (k)

10: update model pre-likelihood:� 0(k) = � (k� 1)X (k)

11: for j k = 1; : : : ; J do

12: updatex j k

:= x(k)
i k � 1 i k

by x(k)
j k

/ x(k)
j k

P
lk

w(k)
lk j k

elk j k x(k)
lk

13: end for

14: update model likelihood:� (k) = � (k� 1)X (k)

15: end for

16: until convergence

17: discretize� (k) to CS Matching.

� (k) = � (k� 1)X (k) ; k = 1; 2; : : : ; K; (2.4)

where� (k) = ( � (k)
i 0 i k

) 2 RI 0 � I k and� (0) is �xed as the identity matrix.

The model likelihood is updated in each step of the power iteration. After the

update of the �rst term in Eq. 2.1, a pre-likelihood� 0(k) is estimated for computing

w(k)
lk j k

. Since� (k) associates candidates directly with the model, �nal tracking result

of the matching betweeno(0) ando(k) can be derived from� (k) .
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With � 0(k) , the approximated distance on model ofo(k� 1)
i k � 1

and o(k� 1)
mk � 1 can be

calculated as following

d(k)
i k mk

=

P
i 0

k(o(0)
i 0

� o(0)
i 0+1 )k� (k)

i 0 i k
� (k)

i 0+1 mkP
i 0

� (k)
i 0 i k

� (k)
i 0+1 mk

: (2.5)

Thereby,w(k)
lk j k

then can be simply calculated as

w(k)
lk j k

:= w(k)
mk � 1mk i k � 1 i k

=
2d(k� 1)

i k � 1mk � 1
�d

(d(k� 1)
i k � 1mk � 1

)2 + ( �d)2
; (2.6)

where �d is the average distance between two neighboring elements on model

O(0) . The proposed tracking method is summarized in Algorithm 1.

2.4 Experiments

We evaluate the proposed CS tracking algorithm using two groups of X-ray

clinical data collected from liver and cardiac interventions. The �rst group consists

of six sequences of liver vessel images and the second 11 sequences of catheter

images, each with around 20 frames. The data is acquired with512� 512pixels and

physical resolution of 0.345 or 0.366 mm. Groundtruth of each image is manually

annotated (Fig. 2.4(a)).

Vascular Structure Tracking. We �rst evaluate the proposed algorithm on the

vascular sequences. First frame from each sequence is used to generate training

samples for CNN. To be speci�c, 800 vascular structure patches and 1500 negative

patches are generated from each image. From the six images, a total of2300� 6 =

13; 800 samples are extracted and split as 75% training and 25% validation. All

patches have the same size of28 � 28 pixels. Distance threshold of predictive

bounding box is set to 60 pixels for enough error tolerance. Finally, there are around

200 vascular structure candidates left in each frame. The number of points on the

model is around 50 for each sequence.

In our work,K = 3 is used to allow each four consecutive frames to be asso-

ciated. During tracking, tensor kernel costs around10s and 100MB (peak value)
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RAM to process one frame with 200 candidates in our setting running on a single

Intel Xeon@2.3GHz core. The tracking error is de�ned as the shortest distance be-

tween tracked pixels and groundtruth annotation. For each performance metric, we

compute its mean and standard deviation. For comparison, the registration-based

(RG) approach [170], bipartite graph matching [29] (BM) and pure tensor based

method [29] (TB) are applied to the same sequences. For BM and TB, same track-

ing algorithms but with the CNN detector are also tested and reported. The �rst

block of Fig. 2.4 illustrates the tracking results of vascular structures. B-spline is

used to connect all tracked candidates to represent the tracked vascular structure.

The zoom-in view of a selected region (rectangle in blue) in each tracking result

is presented below, where portions with large errors are colored red. Quantitative

evaluation for each sequence is listed in Table 5.2.

Catheter Tracking. Similar procedures and parameters are applied to the 11 se-

quences of catheter images. The second block of Fig. 2.4 shows example of catheter

tracking results. The numerical comparisons are listed in Table 5.2.

The results show that our method clearly outperforms other three approaches.

Candidates in our approach are detected by a highly accurate CNN detector, ensur-

ing most extracted candidates to be on CS, while registration-based method depends

on the �rst frame as reference to identify targets. Our approach is also better than the

results of bipartite graph matching whereK = 1. The reason is that our proposed

method incorporates higher-order temporal information from multiple frames; by

contrast, bipartite matching is only computed from two frames. Compared with

the pure tensor based algorithm, the proposed method incorporates the model prior

which provides more powerful clues for tracking the whole CS. Con�rmed by the

zoom-in views, with model prior, our proposed method is less affected by neigh-

boring confounding structures.
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Table 2.1: Curvilinear structure tracking errors (in pixels)

Dataset Seq ID RG [170] BM [29] TB [29] BM+CNN TB+CNN Proposed
Va

sc
ul

ar
st

ru
ct

ur
es

VAS1 2.77� 3.25 1.54� 1.59 1.33� 1.08 1.44� 2.37 1.15� 0.91 1.14� 0.84

VAS2 2.02� 3.10 1.49� 1.14 1.49� 1.74 1.11� 0.83 1.30� 2.48 1.09� 0.83

VAS3 3.25� 7.64 1.65� 2.40 1.41� 1.54 1.19� 0.91 1.17� 0.92 1.17� 0.91

VAS4 2.16� 2.52 1.61� 2.25 1.99� 3.02 1.12� 1.00 1.95� 5.00 1.17� 1.53

VAS5 3.04� 5.46 2.71� 4.36 1.36� 1.44 1.95� 3.94 1.14� 1.55 1.09� 1.42

VAS6 2.86� 5.60 1.40� 1.94 1.32� 1.68 1.39� 2.53 1.09� 1.70 1.11� 1.90

75%ile, 100%ile - 2.00, 31.2 2.00, 26.8 1.40, 32.6 1.40, 56.91.40, 23.2

Overall 2.69� 5.03 1.75� 2.60 1.49� 1.86 1.37� 2.26 1.30� 2.64 1.13� 1.30

C
at

he
te

rs

CAT1 2.86� 3.83 1.47� 1.57 1.29� 1.06 1.13� 1.19 1.08� 0.85 1.00� 0.77

CAT2 1.98� 2.66 2.38� 5.33 1.11� 1.58 1.77� 4.11 0.77� 1.06 0.56� 0.89

CAT3 2.20� 1.56 1.55� 1.98 1.39� 1.70 0.99� 1.52 0.72� 0.66 0.74� 0.65

CAT4 1.07� 0.76 2.12� 3.35 1.15� 1.33 0.94� 1.37 0.92� 1.34 0.76� 0.77

CAT5 2.54� 3.65 2.02� 4.85 1.04� 0.88 1.65� 5.36 0.84� 1.01 0.83� 0.97

CAT6 1.93� 2.15 2.06� 3.92 1.14� 0.95 1.19� 2.03 0.96� 0.92 0.93� 0.89

CAT7 1.39� 2.18 1.86� 3.79 1.00� 0.78 0.76� 0.72 0.76� 0.72 0.73� 0.63

CAT8 2.74� 4.32 2.30� 5.53 1.31� 2.21 1.22� 2.21 1.74� 3.81 0.96� 1.37

CAT9 1.74� 1.25 2.80� 4.78 2.00� 2.74 1.54� 3.44 1.18� 2.02 0.99� 1.33

CAT10 3.17� 5.26 2.86� 4.33 2.48� 3.59 0.86� 1.26 0.81� 1.12 0.86� 1.29

CAT11 3.96� 5.89 2.68� 4.36 1.17� 0.97 3.50� 11.3 1.35� 3.72 0.80� 0.74

75%ile, 100%ile – 2.00, 47.7 1.40, 24.0 1.00, 70.5 1.00, 48.41.00, 19.2

Overall 2.40� 3.62 2.17� 4.14 1.38� 1.90 1.39� 4.16 1.01� 1.93 0.83� 0.98

2.5 Conclusion

We presented a new method to combine hierarchical features learned in CNN

and encode model prior to estimate the motion of CS in X-ray image sequences.

Experiments on two groups of CS demonstrate the effectiveness of our proposed

approach. Achieving a tracking error of around one pixel (or smaller than 0.5mm),

it clearly outperforms the other state-of-the-art algorithms. For future work, we plan

to adopt pyramid detection strategy in order to accelerate the pixel-wised probabil-

ity map calculation in our current approach.
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